Destination cards are popular means to promote attractions, events and consumption.
Introduction.
It is widely recognized that studying tourists' behaviour during holiday time is an important research agenda for those who wish to extract information about their preferences. It is also a precondition for the public management of tourist destinations and an important support to decision making in the tourist industry -specifically in the fields of pricing, marketing and long term investing.
Tourist cards are a quite widespread marketing tool for destinations (Pechlaner and Abfalter, 2005) . However, academic research has used the data they generate only occasionally, and rarely with the scope of mapping tourist behaviour. Here we investigate tourists' preferences through their behaviour as recorded by a destination card called "Trentino Guest Card" (TGC hereafter) over the time span April-November 2015. The area under investigation is Val di Non, a mountainous rural area of Trentino, a famous Alpine tourist destination in North Italy. TGC allows for free or discounted access to an outstanding number of activities, visits, etc. -more than 190 in the summer we consider. We may well say that the card covers almost the whole of the consumption space for a tourist at the destination. TGC is included in the local tourist tax and therefore distributed to every individual, household or group of friends staying at any accommodation facility (except second homes) at the destination.
The use we make of this rich database is quite novel. First we classify activities according to their type. Types are identified as values of a distribution support along the indoors-intellectual engagement/outdoors-physical engagement and leisure dimensions.
These categories are meant to translate the distinction between highbrow culture and popular culture, coming from the sociological literature on cultural participation (Bourdieu 1984) , to the domain of tourism studies.
A second novel aspect of our approach is that, unlike other studies that derive preferences from behaviour, we do not primarily consider the frequency of the different types of activities, but instead their ordering. What we do here is to cluster the sequence of the types of activities by the use of recent methodological research results in the field of pattern recognition. The ordering may be indicative of preferences, and it is of great importance for both the scholar and the policy maker (Cuccia and Cellini, 2007) .
After identifying the most frequent sequences of types of activities, we regress sociodemographic and economic variables on the dummies standing for cluster membership to see if the differently behaving groups have distinct characteristics. In particular, we contribute to the debate on the profile of cultural tourists and on omnivorous behaviour. This second part of our research is also similar in scope to the works on the determinants of multi-destination tours patterns (Lue et al., 1996 , Yang et al., 2013 .
However, a difference with respect to that stream of literature is that in this context attractions are all in the same destination and therefore distances and travel costs may be neglected.
The article is organized as follows: section 2 motivates our contribution and contextualizes it with respect to the literature; section 3 illustrates the story and characteristics of TGC, the sample choice and the dataset; section 4 is about the methodology we adopt and its application to our dataset; section 5 shows and comments our empirical results; section 6 is a discussion paragraph and section 7 concludes.
Motivation and contextualization
Tourist preferences are best revealed by the activities tourists choose to carry out at their holiday destination (Tideswell and Faulkner, 1999) . This is even more so at a time when a holiday is perceived as a series of experiences enriching one's identity and vision of life (Richards, 1999) . In recent years this has actually been the trend for most tourists, which is one of the reasons for the success of the notion of co-creation of value in the tourism literature (Binkhorst and Den Dekker, 2009 ).
Many empirical contributions resort to surveys on tourists' intentions or reports of their choices during or after their holiday. In this respect, an interesting recent contribution is by Finsterwalder and Laesser (2013) , who use the data from an extensive survey on outbound Swiss tourists and cluster them according to the activities carried out during their holiday time. In particular, using an outbound perspective and asking about all the holidays the respondents have had in the last year overcomes the problem of too few activities reported. This is a particularly serious problem for empirical analysis and it is exacerbated by the long ongoing trend characterizing tourist behaviour by which many short breaks are more and more preferred to few, long holidays (Alegre and Pou, 2016) .
However, research studies with an outbound perspective are of little help in terms of policy recommendations for specific tourist destination types.
A more general criticism to the large literature relying on survey data rests on the evidence that stated preferences (here, more specifically, reports on intentions to consume or on present and past consumption) and actual preferences may differ greatly, both in general and in the specific field of tourist behaviour (Doran and Hanss, 2005) .
The same criticism applies to experiments. Tourism stated choice studies often rely on experiments (on the drivers of the choice of a tourist destination, see for instance Lue et al., 1996 and Huybers, 2003) , but these may also lack external validity.
Capturing actual preferences over the activities carried out at a destination requires technological devices recording the choices of tourists in the allocation of their holiday time. A number of recent empirical contributions resort to mobile positioning data (De Cantis et al., 2016; Raun et al., 2016) , GPS data (Tchetchik et al., 2009 ) and geotagged information derived from social media (Chua et al., 2016) These tools are well suited for the investigation of activities related to the presence of natural attractions. In the case of cultural institutions, however, they may be inaccurate in reporting the actual experience of tourists if not complemented by extra information. In fact, verifying that a tourist was at, say, a castle does not tell whether she actually visited it or she just took a selfie with the castle in the background. In addition, as far as mobile positioning data are concerned, privacy laws often prevent scholars from accessing socio-demographic data regarding the mobile phones users. This is a serious limitation when the aim is profiling.
Destination cards are a very interesting alternative to technological devices revealing consumption patterns. In fact, they accurately record the actual activities associated with the local tourist attractions carried out by the holder. Tourists receiving a destination card are also often asked about their socio-demographic characteristics, and this information is included in the database the card generates. It is therefore a surprise that destination cards data have not yet been so much used in quantitative analysis in order to investigate tourist preferences. The few contributions we found were by Zoltan and Masiero (2012) and Zoltan and McKercher (2014) .
A reason for the underuse of destination cards data in research may be related to the fact that the databases they produce are often not very large, or not considered as representative samples. In fact, destination cards are generally costly for users, and this causes both that their purchase is not so widespread among tourists at a destination, and that those who buy it are only the most active tourists. This implies self-selection endangering sample representativeness.
As already anticipated TGC constitutes a very interesting exception in this respect. In addition, the very large number of activities it offers makes it the ideal tool for the research question we consider here. These activities are associated with all types of experiences, from wine tasting to museum visits, from exploring canyons to discovering WW1 military strongholds. There are very few activities one can carry out in the area that are not included, notably accommodation, eating out and walking/hiking -though in this case the use of some cable cars is included in the activities the card offers. So the first new element of our empirical analysis is a large and representative dataset derived from the use of a destination card, comprising the whole consumption space for tourists at the destination.
The second new element we introduce in tourist behaviour studies is methodological. In recent years sequence analysis has seen an upsurge of interest, thanks to the introduction of new methods and different analytical approaches . To our knowledge, there has not been any application to the context of tourism studies as yet. Yet the advantages of considering the temporal aspects of consumption at a destination are evident, especially in contexts where holidays are short and therefore the average number of activities is low and so the frequency with which an activity is carried out does not tell much. Notice that the value added is the extraction of information on priorities and preferred activities, but there is more than that. The presence of clusters in which activities of different types are mixed may reveal, through their ordering, the complementarity between types of activities, with special emphasis on the temporal aspects. It is also interesting to investigate whether or not certain categories of tourists prefer to alternate indoors-intellectual activities and outdoorsphysical or leisure activities. This might have direct policy implications, as for instance for the creation of tourist packages. It might be useful also to urban planners: better a museum quarter than single museums surrounded by shopping areas?
We apply sequence clustering on a categorization of tourist activities according to the degree of intellectual engagement they require. Since Bourdieu's (1984) seminal work, the sociological literature on cultural participation has long debated on the impact of social class (often proxied by education and profession) on the preference for highbrow vs. lowbrow cultural goods. Gayo-Cal (2006) extends this dichotomy to all activities pertaining to the domain of leisure activities. We follow him but concentrate on agents' choice on how to allocate their leisure time while on holiday. In fact, as Brida et al. (2016) point out, it makes sense to consider this choice on its own, because while on holiday tourist behaviour responds to different constraints.
The regression analysis following our sequence clustering aims to check whether proxies for social status are predictors of cluster membership. In particular, we want to verify whether those who choose only cultural activities differ from those who do not, and whether the omnivores, in Peterson and Kern's (1996) definition, are more likely to be upper class.
The database

The area under analysis and TGC
Val di Non is the area under analysis. It is a tourist area within the Trentino region, a well-known Italian mountain destination offering also a variety of cultural attractions.
TGC is promoted by the central administration of the Trentino region in cooperation with local tourist boards. It is a group/family card that is given to all tourists by their hotel staff at their arrival. The card allows tourists free or discounted access to 196 services all around Trentino. The main free services (120 in all) are public transport, museums and natural parks access, whereas discounted services (76) mainly involve private producers of local agricultural products (especially fruits, wine, cheese and honey). These are 42 and generally offer a free tasting (not classified as a separate service) as well as a discount on purchases. So 162 out of 196 services (82%) entail a free experience. Notice that all main attractions are for free. Through the recording of undertaken activities via the unique code associated to each card, the system allows for the construction of a detailed database of almost all activities. Exceptions are given by some public transport and a small number of discounted services at shops, which do not track the use of the service and/or purchase.
In theory, since almost all tourist boards of Trentino are involved in the TGC project, one could investigate a vaster area than val di Non. Yet the problem lies in the fact that the card does not offer the same number of attractions in the different tourist districts.
Before the introduction of TGC, in fact, some of Trentino's tourist boards already used to offer destination cards, which then merged into TGC. As a consequence, TGC provides different services in the different tourist areas of Trentino. For instance, in some areas lifts and chairlifts are included, whereas in others they are not. It therefore makes no sense to consider (almost) the whole of Trentino as our sample, as this would imply comparing the choices of consumers having different sets of free/discounted services. Val di Non is an area where a tourist card did not exist before TGC was introduced.
Out of an overall number of 75,095 TGCs issued in Trentino between April and November 2015, recording 153,927 activities, Val di Non accommodation facilities issued 7,279 cards, which recorded 13,708 activities. The considered area presents some advantages with respect to other candidate tourist areas. The first one is that as the destination is not as famous as others, it is never really congested. Therefore changing the order of planned activities because of congestion is very limited if not absent. The second reason is that Val di Non has a unique mixture within Trentino, as it hosts a heterogeneous range of attractions, from natural to cultural ones, as well as outdoor and indoor activities that tourists can enjoy with no need to move outside the valley. Finally, a survey conducted by the Trentino local administration in 2010 highlights that tourists visiting this valley are less focused on mountain activities than elsewhere in Trentino (Ufficio Politiche Turistiche Provinciali PAT, 2010). This rules out sample self-selection according to specific motivations for visiting. Selecting Val di Non, we argue, makes our evidence more generalizable to a generic tourist destination, not necessarily a mountain one.
The sample.
As already reported, our dataset comprises 7,279 cards issued between March and November 2015, with a total of 13,708 activities recorded. The cards recording more than one activity are 3,679. For the scopes of our analysis the overall number of 66 activities that cardholders chose were classified into 10 distinct groups: The above list of types of activities goes from those more characterized in terms of "indoors-intellectual engagement" to those offering "outdoors-physical engagement and leisure". This dichotomy is reminiscent of the hard/light consumption attitudes found for visitors interviewed at a museum in a nearby lake destination by Brida et al. (2016) , but also, more in general, of the highbrow/middle or lowbrow culture distinction that is popular in the economics and sociology literature. Archae, art, hist, science and tradit are museums visits, and together with castle they are (mainly) done indoors and imply intellectual engagement. Foodwine and nature respectively comprise tasting/buying local gastronomy and the use of chairlifts and cable cars to reach mountain peaks (the chairlifts and cable cars TGC offers for free are few and located just outside Val di Non, at a 20 minutes' drive), the use of minibuses to reach landmarks in natural parks (not reachable otherwise) and adventure parks. These activities are mainly outdoors with a strong leisure component. Finally, there are two hybrid categories of activities, namely scienv and cultenv, in which the type of engagement is mixed. Scienv comprises the guided visits to the two canyons of Val di Non, the visit to other geological landmarks, gardens and the natural parks science info points. Cultenv includes visits to castles and fortresses in ruin for which landscape is the main motive for the visit; the use of a special train stopping at a number castles of Val di Non (scenic views); and the use of a minibus to reach San Romedio, a small monastery set in a canyon famous for its bear (reminiscent of the local saint's legend). The presence of hybrid activities was first discussed by Huybers (2003) , who however refers more to the environment the activity takes place in than to tourists' motivation.
Out of the 66 activities chosen by TGC holders in val di Non in summer 2015, those not entailing a free experience were 4, and they were chosen only 69 times: this is 0.5% the total number of recorded activities. This means that the vast majority of TGC holders disregard discounted activities and only consider free ones. 
Handling sequences of activities
Distance between sequences of types of activities
The objective of the paper is to find common patterns of types of activities reflecting cardholders' preferences. Then the first step of the analysis is to find a way to classify cards by type of pattern. We therefore adopt explorative cluster analysis techniques. The two main questions related to the use of these methods concern finding (i) a way to compute the distance between couples of statistical units (i.e., cards); and (ii) a technique to aggregate the "most similar" units.
The distance between patterns of types of activities, or more in general "states", has been widely discussed within the pattern recognition field. The methodological debate has been going on also in recent studies. The review of Studer and Ritschard (2016) compares both classic and recent approaches within the field of social sciences.
Pattern recognition applications have widely used Optimal Matching (OM - Abbot and Forrest, 1986) , a technique that estimates the distance between two sequences of states as the minimum cost of converting one sequence into the other. Such cost is measured by the so-called "edit operations", i.e. substitution and/or insertion/deletion of states that would be necessary to make two sequences identical: the higher the number of edit operations, the higher the distance. However, as Elzinga and Studer (2014) point out, edit operations have no interpretation in social sciences. Moreover, OM is not very sensitive to differences in the order of states. A further shortcoming is related to the determination of the costs of edit operations: if costs are not set up in a correct way the triangular inequality could be violated in the derived distance, and as a consequence the distance would not be a metric. Studer and Ritschard (2016) present a simulation study for the main distance measures that are commonly used in social sciences. They analyse three aspects of sequence analysis, namely sequencing, timing and duration of states. They conclude that no single distance is optimal in relation to all the three aspects, but at the same time they propose guidelines for choosing the method that better fits with the specific scopes of a researcher. Concerning our analysis, sequencing is the most important one. In fact, we aim to understand how a whole ordered set of activities as recorded by TGC is indicative of a consumer's preferences. Among the candidate distances that better meet this criterion we select SVRspell (Subsequence Vector Representation) with low spell length (Elzinga and Studer, 2015) , which is the most sensitive one to small perturbations. The reason is that we consider every activity (even occasional ones) as explicit part of the set of preferences, hence of consumers' choice.
SVRspell first converts the information about a card's sequence of activity types into a vector, and then calculates the Euclidean distance between couples of vectors in order to assess how dissimilar cards are. Euclidean distance has the advantage to own wellknown metric properties. The procedures are synthesized as follows. Recalling Elzinga and Studer (2015) , suppose that there are only three types of activities, namely a, b and c; we define the finite alphabet Σ = { , , }. Consider the ith card which records the specific sequence of states/activities = 1 2 3 4 = . The steps of the algorithm are synthetically described as follows.
1. Obtain all possible sequences of any length that can be constructed from Σ. and all the states (which returns an empty sequence).
3. Construct the vector ( ). Observations of ( ) are labelled with , whereas values of ( ) report whether a given subsequence of is included in , also giving the possibility to account for: how often is embedded in ; the weighting of according to its length; the total duration of ; the presence of approximate matches, i.e. not only exact copies.
4. The distance between the card i and another card k is simply the Euclidean distance between, respectively, ( ) and ( ).
In the following empirical analysis SVRspell was implemented through the R package seqdist2 (Studer and Ritschard, 2017) and its successive implementations in the TraMineR package (Gabadinho et al., 2011; Studer and Ritschard, 2016) . The software allows to handle sequences of different length, namely cards that recorded a different number of activities. To this end a "fictitious" state corresponding to "no activity" is used in order to align all cards' length. The parameters were set in order both not to weight subsequences by spell length, and to avoid time transformation -see Elzinga and Studer (2015) .
Clustering TGC
Aggregating cards into homogeneous groups presents one main problem: in theory,
there is a very high number of possible sequences in which the 10 types of activities may be arranged. With such high numbers the first question is then how to discriminate between frequent similar patterns in data and spurious behaviour.
Among the number of available clustering methods from apriori information on tourists (Dolničar, 2004) we chose OPTICS (Ordering Points To Identify the Clustering Structure - Ankerst et al., 1999) , available in the R package dbscan (Hahsler and Piekenbrock, 2017) . It is a density-based algorithm that finds an ordering of the statistical units based on just one user-given parameter, which is the minimum number of units each cluster should aggregate. With this regard, our choice was a conservative one as we selected a minimum number of 2 units.
To give an example of how the algorithm works, imagine that each unit under investigation, i.e. tourist card, is displayed as a point, and its distance from other points is assessed via SVRspell. The method finds a way to assess whether these points are so relatively close to each other that they can be seen as part of the same cluster. The main advantage is that the threshold for such assessment is not unique for all clusters, but it varies from cluster to cluster and does not need to be fixed apriori. Therefore, each threshold is valid only for a "local" set of points. A unique global threshold may be misleading, as it may create big clusters including also noise points; on the contrary, a lower one may generate many small clusters plus noise points. The algorithm is also able to discriminate between a cluster's member and a noise point. Moreover, the detected clusters can be of any shape, which avoids the unnecessary imposition of sphericity that characterizes many widely used clustering methods. It also has several computational advantages when compared to other approaches for the detection of the number of clusters, because these require much more time when handling big datasets such as ours.
We would like to highlight that that the joint choice of SVRspell and OPTICS is meant to avoid the typical problematic issues related to cluster analysis that are present in tourism research (and not only), such as the use of "computational black boxes", the inappropriate choice of the parameters, the lack of control for random results -see Dolnicar (2003) . We also run OPTICS on the multivariate Euclidean distance obtained from a data matrix whose values are the frequency of each type of activity in each card (frequency clusters). This means to compare the results between the case of clusters where only the frequency of the types of activities is taken into account, and the ones from SVRspell, which instead considers the ordering.
Results
Sequences of types of activities
The notion of a sequence only makes sense if two or more activities are recorded. We therefore cluster the subsample consisting only of the cards that recorded more than one activity for both sequence and frequency clustering methods. Accordingly, our sample reduced to 3,679 cards. Heuristically, we select a threshold of n=50 cards: only those clusters whose numerousness at least equals this threshold are reported. Table 1 here >   < Table 2 here > Figure 2 displays the transversal state distribution of the 11 clusters from sequences of types of activities (sequence clusters, "sc"). This distribution was obtained through the R package TraMineR (Gabadinho et al., 2011) . Table 1 crosstabs sequence clusters (row) and frequency clusters (column).
< Figure 2 here > <
Reading Table 1 rows, we observe that sequence clustering gives rise to two big groups of patterns (scA, n=303; scJ, n=474), five medium-sized ones (132 to 151 cards: scC, scD, scF, scG, scH) and four relatively smaller ones (scB, scE, scI, scK). Cluster scK is made up only of cards with 3 and 4 activities ( Table 2 ). The eleven clusters we consider contain overall 1,768 cards; the rest of the cards are either outliers or belong to smaller clusters.
< Table 3 here > Table 3 resumes the type of activities recorded as first (priority) in sequence clusters, and the most frequent following type of activity. The activities labelled as scienv seem to be carried out first by the largest number of tourists (5 clusters, for a total of 873 cards), followed by castle (4 clusters, for a total of 612 cards) and nature (3 clusters, for a total of 282 cards).
The large majority of TGC holders privileging scienv activities seem to prefer to have them followed by a different type of activity: only 132 choose again scienv (cluster C).
Not only do they privilege a different type of activity, but also a different point on the engagement/leisure scale. More specifically, the majority chooses an activity that is generally more intellectually engaging (castle, cluster J; and science, cluster I, for a total of 540 cards), while those who opt for nature (cluster F, 150 cards) are not many more than those who repeat scienv. The 51 card holders of cluster K give priority to scienv, then visit a castle to finally go back again to scienv.
The majority of cards giving priority to castle also like variety: only 78 (cluster B) out of 612 repeat a castle visit. Most of them prefer to continue their holiday with an activity that is less intellectually demanding: a scienv activity (cluster A, n=303) or a hike in nature (94, cluster E). However, a medium-sized cluster (cluster G, n=137) sees a castle visit followed by a science museum visit, an activity presumably implying a similar degree of intellectual engagement. tourists. The analysis confirms that even within the group of cards having castle as priority, they are not majority, though their number is not totally negligible.
Love for variety must be qualified. Out of the 10 types of activities TGC offers, only four appear in the identified clusters -and those not appearing are not necessarily connected to attractions located far away. This means that the cards associated with the consumption of the other six types are either outliers or belong to clusters with n<50.
They may not be few, but clearly these types of activities are not that important for many.
A dominating complementarity emerges between scienv (an outdoor type of activity with a moderate intellectual twist) and castle. The cards in the three clusters recording these activities are 22.5% of utilized TGC and 44% of the TGC in the eleven main clusters. Sequence clustering reveals that those choosing scienv as first type of activity outnumber those who start with castle.
< Figure 3 here >
As a robustness check, we analysed the entire sample including also the cards reporting only one activity. One-activity cards were allocated by the clustering algorithm to the groups where only one type of activity was carried out. The numerousness of these clusters was the only changing feature of the outcome. Most of the cards recording just one activity were used to carry out either a scienv (n=1,401), or a castle (n=1,169) or a nature activity (n=443). This reveals that the priorities of short stay tourists and/or less active tourists are the same as those of more active or longer-staying tourists.
Sequences vs. frequencies
Considering sequence clustering allows us to obtain fine information that would not be evident in case of a clustering procedure based on frequencies. To see this, let us jointly consider Table 1, Table 3 and Figure 3 . Table 1 is the cross-tabulation of all cards according to their membership to frequency clusters (columns) and to sequence clusters (rows), where the number of columns/rows is bounded by the condition that n≥50, and all other cards are left in a final dustbin column/row. 1 Figure 3 presents the types of activities characterizing the clusters obtained through frequency clustering.
The large majority of cards of sequence clusters J and A (scienv-castle and castle-scienv respectively, as illustrated in Table 3 ) are now, unsurprisingly, in the same frequency cluster fc1 in Figure 3 An interesting finding is that in all three clusters the other type of activity is castle.
2
Apart from this evidence, which pertains to relatively small clusters, it is clear that what we obtain by frequency clustering is less informative in terms of revelation of preferences than the outcome of sequence clustering. In particular, sequence clustering highlights that scienv dominates castle, both in terms of number of clusters having it as priority, and as number of cards in those clusters. In frequency clustering this fact is 1 Notice the total number of cards in clusters with n≥50 is larger in frequency clustering than in sequence clustering, because frequency clustering does not require cards recordings to be similar from a temporal point of view within each cluster, and the elimination of this constraint allows larger clusters to form. 2 fc4 may therefore be identified as a cultural tourists cluster.
obscured by the emergence of the big clusters fc1 and fc5. Clusters fc1, fc5 and also fc3 contain cards whose use reveals quite different priorities; this difference is evident only if the timing of activity types is taken into account.
Determinants of sequence clusters
The second part of our empirical strategy uses regression analysis in order to assess whether the characteristics of TGC holders predict their being part to either of the clusters we identified through sequence clustering. To this end we estimate standard logit regressions, where membership to a specific cluster is the dependent variable.
TGC records data on each holder. These are the number of people being part of the family/group, number of children, nationality and, for Italian tourists, the province of residence. Moreover, we know every TGC's date of issue and expiry, from which a length of stay control may be derived, and the type of accommodation facility that issued it. We therefore opt for the use of the following controls, taken from the literature on the patterns of destinations in multi-destination tours (Lue et al., 1993; Tideswell and Faulkner, 1999; Yang et al., 2013; Cuffe, 2017) :
-socio-demographic: number of party members (NAdult); number of children (NMinorAged); nationality (Italian); -related to the holiday's characteristics: length of stay; two dummies for July and August, accounting for seasonality and a warmer climate; we also consider the share of rainy days during the holiday (RainShare), in order to control for the influence of bad weather conditions;
-regional dummies: we use dummies for the three Italian regions that are closest and best connected to Trentino. This is also a way to account for a higher probability to be a repeat visitor.
Our variable of interest is Hotel345, indicating that the card was issued by a 3, 4 or 5-star hotel. Our guess is that simpler accommodation facilities (which are the large majority in our sample) are associated with cardholders with a lower socio-economic status. In Table 4 we report regression results. A first general remark is that the significant controls are few. This comes as no big surprise, considering that the dependent variables (i.e., cluster membership) derive from a process where nonlinearities are very pronounced. In addition, it is possible that the determinants used in explaining the results in other studies, which we borrow here, are not an exhaustive list when it comes to explain the choice of sequences of activities. However, the set of available variables is limited. It is however comforting to notice that our results are quite robust to changes in model specification (results available upon request).
Looking at the Table in detail, we find that Hotel345 is significant only in the regressions explaining both clusters B and J membership. In the first case, the sign is negative and the significance is only at 10%. Cluster B is characterized by the sequence (castle; castle), so these are cultural tourists and we expected a positive sign for
Hotel345. Also in cluster I (science; science) the variable has negative sign, though it is not significant. This may indicate that while on holiday, agents characterized by higher socio-economic status are not more likely to be cultural tourists. They are actually more likely to be omnivorous, as the significant and positive sign of the Hotel345 dummy in cluster J (scienv; castle) regression shows.
How should we interpret this evidence? Perhaps a high social status is not linked to a bias for culture because the pressure of social scrutiny is not present when one is on holiday, a time when one leaves her social context. Or perhaps it has to do with the fact that the type of cultural consumption we consider here is museum visiting -not so much a social status enhancing activity. In fact, going to the opera or to the theatre were the types of cultural activities Bourdieu had in mind when he suggested a social status enhancement effect associated with cultural participation.
On the other hand, even in research on cultural participation the empirical evidence using recent databases finds weaker evidence of a strong link between social status and type of cultural consumption. This has been ascribed to the emergence of the so-called omnivores: they are agents characterized by a high social status tending to mix consumption of highbrow and popular culture. Omnivores have also been detected in tourism studies (among others, see Barbieri and Mahoney, 2010; Taheri et al., 2014; Herrero-Prieto and Gómez-Vega, 2017) . In the tourism domain, the appearance of omnivores implies that holidaymakers are no longer classifiable as either "cultural" or "leisure" tourists: a combination of these typologies is likely to characterise the actual attitude while on holiday.
Our findings also associate higher social status with an omnivorous behaviour, though it must be admitted that this is the case only with cluster J, not with all the clusters in which intellectually engaging activities alternate with leisure ones.
These results are clearly quite preliminary. As mentioned above, Table 4 shows that the available covariates are far from being optimal in explaining behavioural profiles. One would need more information on both personal and trip-related characteristics of TGC holders to come to some more definite conclusions -see Zieba (2017) . For instance, the analysis would benefit from knowing the detailed composition of the holiday group members in terms of age, gender and education, as well as the past experience of the place. Also, the sequence of the events can be interpreted in the light of recorded information when the holiday begins (preferences and expectations, plan of places to visit and activities to do) and when it ends (reasons for changing plans, satisfaction).
Discussion
There are obviously some simplifications underlying our cluster analysis, which we list here and discuss.
Distance is a possibly important element in determining the choice of a sequence of activities. The spatial configuration of destinations has been found to be important in determining the choice of the destination sequence in multi-destination tours (Yang et al., 2013) . We argue that whether this evidence is relevant in the case of tourists' choice at a single destination depends on the actual distances between the accommodation facilities and the attractions associated with the various activities, as well as the distance between attractions. Val di Non attractions are all at about 30 minutes' distance from each other, with no particular situations such as two attractions at a walk's distance;
being it a rural destination, accommodation facilities are spread. Only a relatively small number of cards record activities taking place in other parts of Trentino, and Trentino is a rather small region and all attractions can be reached by Val di Non visitors in less than 2 hours. However, as a robustness check, we replicated the sequence clustering exercise on the subset of cards recording only activities taking place in val di Non (results available upon request). The similarity between this exercise and Table 3 is striking. In particular, the three largest clusters are characterised by the same sequences of types of activities, while minor differences in the bottom part of the new table are only due to the fact that there is no science activity one can pursue in val di Non, and there is only one castle activity there. This is indirect evidence that overlooking distance matters makes sense. In other words, distance is not an important confounding factor when we try to infer preferences from behaviours.
Notice also that all activities offered in val di Non are for free. The fact that sequence clustering produces similar results when applied to the whole sample (Table 3 ) and to the subset of cards recording only activities taking place in val di Non is therefore also indirect evidence of the fact that activity prices play a negligible role, and can safely be disregarded.
Some may argue that the choice of any activity after the first may be influenced by the story of previous choices, and in particular by the satisfaction derived by previous consumption experiences as in the learning by consuming hypothesis (Lévi-Gargoua and Montmarquette, 1996; Brito and Barros, 2005; Brida et al., 2017) . While this criticism is acceptable in theory, in practice it clashes with the very high quality standards of tourism services and of natural resources management in Trentino, testified by the high Tripadvisor scores of practically all attractions. If the argument here is that a love for variety may stem from delusion for the previous type of activity, it does not account for the fact that 93.3% of the summer 2015 TGC holders interviewed at the end of their stay would recommend a summer holiday in Trentino (65.7% is the figure for non-holders), according to a sample of 2,655 tourists (Trentino Marketing, 2016) .
Finally, the literature has highlighted that first time visitors behave differently with respect to repeaters, though some studies disagree on what this difference actually consists of (Tideswell and Faulkner, 1999 While we believe that our considerations on distance, pricing, satisfaction relative to past consumption during a holiday and being a repeat visitor do not invalidate our approach in the specific case of our analysis, we think that future sequence clustering applications to tourist behaviour will have to deal with these issues. It would be of great help if destination cards themselves allowed to collect more information about the user, as for instance on the fact whether a tourist is a repeater or not. Also more sociodemographic characteristics should be recorded, which would make it easier to identify the determinants of belonging to a cluster through regression analysis.
Conclusions
We present here a first attempt to apply sequence clustering to tourists' consumption choices in order to derive information about their preferences. We do it by exploiting a rich dataset originated by a destination card, Trentino Guest Card. In doing so we also point to the potential of destination cards for tourism studies. So far, in fact, this source of information has been rarely investigated.
By applying sequence clustering and comparing it to frequency clustering, we highlight that the former sheds more light on tourist's priorities and on their consumption patterns. We find that in the case of a destination with no specialized tourist vocation or main tourist attraction, love for variety is the general rule for tourists there. Most tourists do not repeat the same type of activity: on the contrary, they generally choose a sequence in which an outdoors leisure or moderately engaging activity is followed by a more intellectually demanding one, or vice versa. This is perhaps loosely reminiscent of the conclusion by Lue et al. (1996) on the choice of secondary destinations in multidestination trips, according to which two different secondary destinations are preferred to two similar ones.
In our study, tourists give preference to outdoors moderately engaging activities, and in the specific case of our sample, to an activity combining a walk to or through any of the local natural attractions and a scientific explanation.
Two clusters emerge with a sequence of recorded activities associated with the same degree of (high) intellectual engagement, which we identify as the clusters of cultural tourists. These clusters are not so big, and cultural tourists are found to be a minority with respect to the whole of museum visitors.
The policy implications are straightforward as far as the marketing strategies of the destination in question are concerned, and also for similar destinations. As for public investment in attractions, instead, it would be simplistic to just recommend to adopt a strategy of diversification. In fact, we cannot rule out the case of reverse causation:
precisely the absence of a major attraction may be the factor inducing variety-lovers to choose a destination such as the one we consider here. Rather, and more modestly, what we can infer from our evidence is that variety-lovers exist and that therefore it makes no sense for every destination to specialize.
Sometimes policy-makers wish to attract not just any tourist, but the affluent tourist. We do not find evidence that a higher socio-economic status predicts a higher probability to be a mono-thematic (specifically, cultural) tourist. This counterintuitive result may be the effect of a shift towards an omnivorous attitude, but it may also be related to the fact that we observe behaviour in a peculiar time and space context (a holiday) and the type of cultural consumption we deal with (museum and castle visiting) is not as important for social status as opera and the like. However, further investigation is needed to confirm this evidence. Log Likelihood -1,038. 40 -372.16 -567.25 -592.64 -435.54 -625.04 -582.46 -596.38 -325.42 -1,405.99 -265 
